Populations of invasive species that colonize and spread in novel environments may 18 differentiate both through demographic processes and local selection throughout the 19 genome. European starlings (Sturnus vulgaris) were introduced to New York in 1890 and 20 subsequently spread throughout North America, becoming one of the most widespread and 21 numerous bird species on the continent. Genome-wide comparisons across starling 22 individuals and populations can identify demographic and/or selective factors that 23
facilitated this rapid and successful expansion. We investigated patterns of genomic 24 diversity and differentiation using reduced-representation genome sequencing 25 (ddRADseq) of 17 starling populations. Consistent with this species' high dispersal rates 26 and rapid expansion history, we found low genome-wide differentiation and few FST 27 outliers even at a continental scale. Despite starting from a founding population of 28 approximately 180 individuals, North American starlings do not seem to have undergone a 29 detectable genetic bottleneck: they have maintained an extremely large effective 30 population size since introduction. We find more than 200 variants that correlate with 31 temperature and/or precipitation. Genotype-environment associations (but not outlier 32 scans) identify these SNPs against a background of negligible genome-and range-wide 33 divergence. Such variants fall in the coding regions of genes associated with metabolism, 34
stress, and neurological function. This evidence for incipient local adaptation in North 35
American starlings suggests that it can evolve rapidly even in wide-ranging and 36 evolutionarily young populations. This survey of genomic signatures of expansion in North 37
INTRODUCTION 43
Studies of local adaptation have long bridged the interface between ecological and 44 evolutionary questions by exploring how populations adapt to differing environmental 45 conditions. Traditionally, high degrees of local adaptation were expected to be present only earned its reputation as a costly agricultural pest, as flocks often overwinter in feed lots or 103 swarm fruit orchards (Linz et al. 2007 ). Starlings also may compete for nest sites with 104
American Kestrels (Falco sparverius), Eastern Bluebirds (Sialia sialis), and other native 105 cavity-nesting birds, though this competition may not have substantial demographic 106 consequences for most native birds (Koenig 2003) . Despite the starling's prominence as the 107 most successful avian invasive species in North America, not much is known about the 108 genetic consequences of its invasion history. 109
Genetic studies of other starling invasions suggest that North American starlings 110 could have differentiated or adapted even after a few generations. Previous genetic work in 111
North America indicated near-random mating at a continental scale, with large demes and 112 high dispersal rates (Cabe 1998; 1999) . However, these studies relied on a handful of 113 microsatellite markers that sample a far smaller fraction of the genome than do current 114 genomic tools. Additional studies in the invasive Australian population, which colonizedthat continent nearly concurrently with the North American invasion, used multiple genetic 116 approaches. Microsatellite evidence suggests that gene flow among Australian starling 117 populations is low (Rollins et al. 2009 ), and phylogeographic patterns of mitochondrial 118 sequence variation confirm that starlings on the edge of the expansion front in Western 119
Australia have differentiated from those still living in the introduction site (Rollins et al. 120 2011). In fact, starlings at the expansion front may have rapidly adapted during the 121
Australian invasion: the proportion of adult starlings in Western Australia carrying a novel 122 mitochondrial haplotype has increased rapidly only at this range edge (Rollins et al. 2016) . 123
A genotyping-by-sequencing survey employing a much greater number of SNP markers 124
indicates three populations in Australia, and geographic distance explains genetic 125 differentiation in starlings better than does environmental variation in the Australian 126 invasion (Cardilini 2016). Studies of the Australian invasion suggest incipient ecological 127 specialization at the range edge; thus, our study of the North American starling invasion 128 begins by examining the relationship between genetics and geography prior to testing for 129 environmental associations (Sexton et al. 2014) . 130
Here we explore the genomic and demographic patterns of range expansion in 131
North American starlings with three specific aims: (1) to characterize genome-wide levels 132 of diversity and differentiation among starlings; (2) to examine how genetic variation 133 changes across the North American range; and (3) to test for signatures of selection 134 associated with environmental gradients. Although traditional outlier-based methods may 135 not recover evidence of local adaptation in a species that likely has low overall levels of 136 genetic diversity, recent developments in genotype-environment association methods can 137 identify polygenic traits which are locally adapted to overlapping environmental gradientsthe same low genetic diversity resulting from a founder effect could improve our ability to 140 discriminate signatures of selection from low background divergence across the genome 141 sensitive local" set of alignment pre-sets. The bioinformatics pipeline used for the 174 reference-based assembly has the advantage of using less similarity thresholds to build 175 loci. We required that a SNP be present in a minimum of 80% of the individuals with a 176 minimum stack depth of 10 for individuals at a locus for it to be called. For analyses such as 177
BayeScan we used all SNPs in a given stack, but for STRUCTURE and other analyses 178 sensitive to linkage disequilibrium, we used only the first SNP in each stack. 179
180
(1) Patterns of genetic diversity and differentiation 181
We estimated per-locus measures of genetic diversity and genome-wide 182 differentiation using the populations option in Stacks (Catchen et al. 2013 ). We used 183 vcftools to calculate FST among population pairs and heterozygosity and nucleotidediversity () within populations (Danecek et al. 2011). We investigated genetic structure 185 within North American starlings using an analysis of molecular variance (AMOVA) in the R 186 package poppr (Kamvar et al. 2014 ). We tested whether most genetic variation was 187 observed among individuals or among sampling sites ("populations"). To determine 188 significance, we compared observed variation at each hierarchical level to the randomly 189 permuted distance matrices for that particular level using 1000 simulations in the function 190 randtest() in the R package adegenet (Jombart 2008) , hypothesizing that the observed 191 variance is greater than expected within individuals and less between individuals and 192 between populations. We tested for isolation by distance (IBD) using a simple Mantel test 193 in adegenet (Jombart 2008) : for these data, the assumption of stationarity likely holds, 194
given that North American starlings appear to be in mutation-migration-drift equilibrium 195 analyses. We also used non-parametric approaches to determine whether starlings 210 clustered by sampling location, using principal components analysis in SNPRelate (Zheng et 211 al. 2012 ) and discriminant analysis of principal components in adegenet (Jombart 2008) . 212
Because we expect population structure to be fairly low given the recent expansion 213
of North American starlings, we used fineRADstructure to test for more subtle patterns of 214 structure (Malinsky et al. 2016 ). This program calculates shared ancestry using a 215 coalescent model to determine haplotype linkage among sampled individuals. The resulting 216 coancestry matrix controls for similarity among individuals to infer fine-scale patterns of 217 population structure. 218
To identify potential geographic barriers, we used the program EEMS (Estimated 219
Effective Migration Surfaces, (Petkova et al. 2015) . EEMS estimates how quickly genetic 220 similarity decays across the landscape, allowing us to pinpoint geographic regions that 221 depart from continuous IBD. Because the number of hypothesized demes (subpopulations) 222 can influence model sensitivity, we ran EEMS using polygons covering the entire North 223
American range and only the areas sampled, and also tested each map using different 224 numbers of demes (N=200, N=500, N=750 and N=1000). We adjusted the variance of the 225 proposal distribution for both migration and diversity parameters to ensure that all 226 parameters were accepted between 10 and 15% of the time, with the input proposal 227 variances as follows: mSeedsProposalS2 = 0.15, mEffctProposalS2 = 1.2, qSeedsProposalS2 228 = 1.8, qEffctProposalS2 = 0.1, and mrateMuProposalS2 = 0.01. 229
(3) Demographic modeling 231
Because starlings appear to be panmictic based on evidence from STRUCTURE and 232 PCA, we reconstructed demographic history using the Stairway plot method (Liu & Fu 233 2015) . This method estimates recent population histories from hundreds of unphased, low-234 coverage loci, which distinguishes the stairway plot from other demographic methods (e.g., 235
PSMC) that can infer ancient population history more accurately. The stairway plot method 236 models changes in population size using the site frequency spectrum, where the null model 237 assumes constant size. We used this model-flexible method to determine whether starlings 238 experienced any genetic bottleneck after introduction: in the stairway plot, this result could 239
occur if an alternative model was accepted during one or more steps of the stairway plot. 240
We assumed a mutation rate of 1x10 -9 and a generation length of 4.6 years (BirdLife 241 International). We estimated the folded SFS using a Python script from Simon Martin 242 (available at https://github.com/simonhmartin/genomics_general), and used the 243 recommended 67% of sites for training. The results presented here are averaged among 244 eight independent runs, each with 10 to 30 randomly generated breakpoints during the 245 reconstruction. 246
(4) Selection analyses 248
We first identified environmental variation at each sampling location using the R 249 
19). 256
As a univariate test of selection, we used the lfmm function (Frichot et al. 2013) to 257 test for associations with climatic gradients and to decrease the number of false positives. 258
We used the R package LEA (Frichot & François 2015) to prepare input files and run a 259 model where genotypic variation is considered a response variable in a linear regression 260 that controls for latent factors (e.g., population structure and/or background variation) in 261 estimating the association between the genotypic response and the environmental 262 predictor. For each of three models-including 1, 2, and 3 latent factors-we ran 30 MCMC 263 chains of 10,000 cycles each, discarding a burn-in of 5,000 cycles. Z-scores were combined 264 across all 30 runs and p-values readjusted to calibrate the null hypothesis and increase 265 power using the Fisher-Stouffer method as suggested in the LEA and LFMM manuals. We 266 used the Benjamini-Hochberg algorithm to control for false discoveries. Since we identified 267 1315 candidates using a q-value cut-off of 0.01-which is already 10-fold more stringent 268 than the recommended value-only loci that were identified in all three runs (K=1-3 latent 269 factors) and were more than five standard deviations from the mean log10p value were 270 considered candidates under selection (FDR<0.05, TP>25). 271
To complement the univariate methods (Bayescenv and LFMM), We also used 272 redundancy analysis (RDA) to examine how loci may covary across multiple environmental 273 gradients (Forester et al. 2018) . RDA is especially powerful when testing for weak 274 selection, and detects true positives in large data sets more reliably than other multivariate 275 methods like Random Forest (Forester et al. 2018) . Because RDA requires no missing data,we first imputed genotypes where missing sites were assigned the genotype of highest 277 probability across all individuals-a conservative but quick imputation method. Out of over 278 1.6 million data points, about 750,000 were missing. We then used the R package vegan to 279 run the RDA model; for a full description of this method, see (Forester et al. 2018) . Briefly, 280
RDA uses constrained ordination to model a set of predictor variables, and unconstrained 281 ordination axes to model the response (genetic variation). RDA infers selection on a 282 particular locus when it loads heavily onto one or more unconstrained predictor axes; we 283 retained five predictors (BIO1, BIO7, BIO12, BIO16, and elevation) with relatively low 284 variance inflation factors (range: 2.2-8.7). We tested for significance using the anova.cca 285 function within the vegan package, and also permuted predictor values across individuals 286 to further check significance of the model. We identify candidate loci as those that are 3 or 287 more standard deviations outside the mean loading. The R script for all RDA analyses and 288 figures were written by Brenna Forester (available at https://popgen.nescent.org/2018-289
03-27_RDA_GEA.html). 290
Differentiation methods can identify loci that have undergone strong selective 291 sweeps, but these methods may be inappropriate in systems like this one with low overall 292 differentiation like this one. On the other hand, FST-based genome-scan approaches may 293 identify loci that stand out against a low background level of differentiation. To test these 294 more traditional methods against the model-based approaches described above, we also 295 used BayeScEnv, which incorporates environmental differentiation when identifying 296 outlier loci (de Villemereuil & Gaggiotti 2015). BayeScEnv includes a term to explicitly 297 model environmental differentiation in the framework used in BayeScan, which enables usto pinpoint loci that may be associated with environmental variation. For full details on this 299 method, see the Supplementary Information. 300
To functionally annotate the contigs that contain these candidate SNPs, we assessed 301 homology to the starling (Sturnus vulgaris) genome using BLASTN (Altschul et al. 1990) . 302
We first used the bedtools "getfasta" option to extract 10kb regions surrounding each 303 candidate SNP (Quinlan & Hall 2010) . We identified genes by choosing the match with the 304 lowest E-value and highest identity: most matches showed 100% identity and an E-value 305 approximated to zero, and all matches have an E value of < 1.0x10 -5 and >90% identity. 
311
(1) Patterns of genetic diversity and differentiation 312
We identified 15,038 SNPs at a mean of 27X coverage across 17 sampling locations 313 of European starlings in North America. Genome-wide FST is extremely low (0.0085), and 314 measures of genetic diversity do not vary substantially among sampling locations (Table 1) . 315
Across all populations, the highest pairwise FST was 0.0106, differentiating birds from the 316 adjacent states of Arizona and New Mexico. Using a haplotype-based statistic of 317 differentiation, ST among populations shows an absence of genetic structure (ST = 318 0.0002). Hierarchical AMOVAs reveal that 94% of the observed genetic variance is 319 explained by variation within individuals, and the remaining variance reflects differences 320 among individuals in the same population, with negligible variation explained at thebetween-population level ( Figure 1C-D) . Across the genome, FST and nucleotide diversity 322 are exceptionally low (Figure 2A-B) . Genome-wide heterozygosity is moderate at 0.339, 323
and observed heterozygosity differs significantly from expected: there are more loci with a 324 minor allele frequency near zero than might be expected by chance (t = 66.6, df = 3569, 325 P<0.001; Figure 2D ), although the genetic mechanism generating this excess of rare alleles 326 is unknown. with temperature-related variables ( Figure 3D ). An additional 1315 variants were 400 associated with precipitation-related PC2, and/or with PC3, a composite of temperatureand precipitation variables. BayeScEnv identified six SNPs (Table S2 ), but none of these 402 variants were found in any other association analysis. Genes under stronger selection tend 403 to have lower allele frequencies ( Figure 3C) . 404
Genes under putative selection function in several biological processes ( Figure 3C , 405 Table S2 ). Although no gene ontology categories were significantly overrepresented, 406 signaling and response to stimuli were particularly well-represented among GO terms, 407
showing up to 48-fold enrichment (FDR-corrected P=0.12-0.98, Table S2 ). Among 408 signaling-related GO terms, neuron development, synaptic transmission and organization 409 were particularly common (Table S2) reside in that location year-round, whereas others migrate to that wintering location and 514 breed elsewhere (Kessel 1953 Figure S1 . This clustered coancestry matrix shows that the estimated coancestry 731 coefficient does not vary among sampled individuals. fineRADstructure identifies fine-scale 732 patterns in population structure as a result of shared ancestry, indicating the range of 733 coancestry coefficients using a heat map. Figure S2 . Stairway plot indicates a gradual decline in effective population size over time. 
